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Abstract

Globally, cancer is becoming a major health issue as advances in modern medicine continue to
extend the human life span. In the U.S., cancer is the second most-common cause of death,
exceeded only by heart disease and accounting for nearly one of every four deaths. Breast

cancer ranks second as a cause of cancer death in women (after lung cancer).

Thus, early detection and treatment are critical in reducing breast cancer related mortality.
Working with Breast ultrasound (BUS) data or image is regarded as a challenging task due to
the inherent nature of ultrasound imaging. Ultrasound imaging is characterized by speckle
patterns, anisotropy and signal drop-out. Moreover, proper image acquisition techniques by the
clinicians and their level of expertise also play a dominant role in determining the image
quality. The fuzziness in the shape and boundaries of the breast lesions make it very difficult
to automate the segmentation of BUS images. In order to improve the issues prevalent in the
existing approaches, a complete qualitative and quantitative analysis of Breast ultrasound
(BUS) images is proposed in this thesis. The method involves three steps — (a) Strain imaging
by means of strain estimation, (b) Final Segmentation of the detected lesion and (c)

Quantitative analysis of the lesion.
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1 Introduction

1.1 Breast Cancer Scenario

Breast cancer is the most common and the second-most lethal cancer among females worldwide
[1]. Among the women only in USA, breast cancer alone is expected to account for 29% of all the
new cancer diagnoses with an estimate of 246,660 cases in 2016 [2]. Breast cancer survival rates
vary greatly worldwide, ranging from 80% or over in North America, Sweden and Japan to around
60% in middle-income countries and below 40% in low-income countries [3]. Statistics reveals
that if breast cancer is diagnosed at a localized stage then the 5-year relative survival rate
approaches to 99% [4]. Since the causes of breast cancer still remain unknown, early detection and

treatment of breast cancer is the top most priority in reducing breast cancer related mortality.

1.2 Medical Imaging in Breast Cancer Detection

Current methods for detecting and diagnosing breast cancer includes mammography,
ultrasound imaging and magnetic resonance imaging (MRI). In this section, the standard imaging

modalities for early detection of breast cancer is discussed.

1.2.1 Mammography



Mammography is specialized medical imaging that uses a low-dose x-ray system to see inside
the breasts. This is considered as the standard imaging method for earlier detection and diagnosis
of breast cancer [5, 6]. Two schemes of mammography is used in breast cancer detection and
diagnosis namely Screening Mammography and Diagnostic Mammography. Typically, the first

step in breast cancer detection is screening mammography which is a

low-dose X-ray examination on asymptomatic women. Diagnostic mammography is an X-ray
examination done to evaluate a breast complaint or to investigate an abnormality found during a
physical examination or during screening mammography. A typical breast mammogram is shown

in Figure 1-1.

Figure 1-1 A typical breast mammogram (Image courtesy: Radiological Society of North
America)



However, mammography suffers from different limitations such as low specificity of in case of
adolescent women with dense breast [5] and potential risk towards patients’ health due to ionizing
radiation [7]. Many unnecessary (65-85%) biopsy operations are due to the low specificity of
mammography. The unnecessary biopsies not only increase the cost, but also cause emotional

suffering for the patients.

1.2.2 Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging is a medical imaging technique used in radiology to investigate
the anatomy and physiology of the body during both health and disease states. MRI scanners
employ magnetic fields and radio waves to form images of the body. The technique is widely used
in hospitals for medical diagnosis and, the staging of diseases and to perform follow-ups without

causing exposure to ionizing radiation. A real MRI scanner is shown Figure 1-2.

Figure 1-2 An illustration of a real MRI scanner



Breast MRI has a number of different uses for breast cancer, including:

Screening high-risk women (women known to be at higher than average risk for
breast cancer, either because of a strong family history or a gene abnormality)

Gathering more information about an area of suspicion found on a mammogram
or ultrasound

Monitoring for recurrence after treatment

Although breast MRI is a more sensitive test than mammography in many ways, this increased
sensitivity may cause areas of the breast that do not have cancer to appear abnormal, producing an
increased number of false-positive test results. False-positive test results indicate cancer when no
cancer is actually present. A breast MRI with false positive nodule is illustrated in Figure 1-3. This
false-positive results may lead to unnecessary biopsies (removal of breast tissue for further study)
and increased anxiety for many women. At the same time, breast MRI cannot visualize the calcium
deposits, known as calcifications or microcalcifications, which typically surround DCIS lesions
(the suspicious area). Mammography, on the other hand, can detect these calcium deposits

accurately. Finally, breast MRI is more expensive than mammography.



Figure 1-3 A Breast MRI with False Positive Nodule (Image courtesy: Radiological
Society of North America)

1.2.3 Ultrasound Imaging

Ultrasound imaging also known as ultrasonography or simply sonography, uses high-frequency
sound waves to view the internal regions of the body. It is the most economical and widely
available medical imaging modality. Because ultrasound images are captured in real-time, they
can also show the movements of the body's internal organs as well as the blood's passage through
the blood vessels. Unlike X-ray imaging, no ionizing radiation exposure is associated with
ultrasound imaging. Nowadays it is extensively used in fetal imaging, carding imaging, breast

cancer detection, and detection of benign and malignant tissue in the human body.

1.2.3.1 Basic Principle of B-Mode Ultrasound



Modern medical US is performed primarily using a pulse-echo approach with a brightness-
mode (B-mode) display. The basic principles of B-mode imaging are much the same today as they
were several decades ago. This involves transmitting small pulses of ultrasound echo from a
transducer into the body. As the ultrasound waves penetrate body tissues of different acoustic
impedances along the path of transmission, some are reflected back to the transducer (echo signals)
and some continue to penetrate deeper. The echo signals returned from many sequential coplanar
pulses are processed (generating the envelope from echo signal) and combined to generate an
image. Thus, an ultrasound transducer works both as a speaker (generating sound waves) and a
microphone (receiving sound waves). An overview of the image acquisition using ultrasound is
presented in Figure 1-4 and Figure 1-5. The ultrasound pulse is in fact quite short, but since it
traverses in a straight path, it is often referred to as an ultrasound beam. The direction of ultrasound
propagation along the beam line is called the axial direction, and the direction in the image
plane perpendicular to axial is called the lateral direction. Usually only a small fraction of the
ultrasound pulse returns as a reflected echo after reaching a body tissue interface, while the

remainder of the pulse continues along the beam line to greater tissue depths.



PULSE RF _
GENERATOR AMPLIFIER

W
)

w
g d
g 2
=0
N

POWER TRANSDUCER
AMPLIFIER

Figure 1-5 Basic Pulse-Echo Ultrasound System (Image Courtesy: Dr. S. Kaisar Alam,
Rutgers University, NJ, USA)
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Figure 1-6 B-mode image formation (Image Courtesy: Dr. S. Kaisar Alam, Rutgers
University, NJ, USA)

1.2.3.2 Challenges in Ultrasound Image Interpretation

Image artifacts are commonly encountered in clinical ultrasonography (US) and may be a

source of confusion for the interpreting physician and for computer based systems. Some artifacts



may be avoidable and arise secondary to improper scanning technique. Other artifacts are
generated by the physical limitations of the modality. US artifacts can be understood with a basic
appreciation of the physical properties of the ultrasound beam, the propagation of sound in matter,
and the assumptions of image processing. US artifacts arise secondary to errors inherent to the
ultrasound beam characteristics, the presence of multiple echo paths, velocity errors, and
attenuation errors. The beam width, side lobe, reverberation, comet tail, ring-down, mirror image,
speed displacement, refraction, attenuation, shadowing, and increased through transmission
artifacts are encountered routinely in clinical practice. Recognition of these artifacts is important
because they may be clues to tissue composition and aid in diagnosis. The ability to recognize and
remedy potentially correctable US artifacts is important for image quality improvement and

optimal patient care.

1.2.3.3 Ultrasound imaging in Breast Cancer Detection

To address the issues of mammography and breast MR, ultrasound imaging is considered to
be one of the most effective tools as an adjunct to it [7]. Statistics show that more than one out of
every four study on breast cancer detection is based on ultrasound images, and the proportion is
rapidly increasing [8, 9]. Studies have demonstrated that using US images can discriminate benign
and malignant masses with a high accuracy [10]. Use of ultrasound can increase over all cancer
detection by 17% [11] and reduce the number of unnecessary biopsies by 40% which can save as

much as $1 billion per year in the United States alone.

Breast ultrasound (BUS) imaging is superior to mammography in the following ways. (1) Since

it requires no radiation, ultrasound examination is more convenient and safer than mammography



for patients and radiologists in daily clinical practice [12]. It is also cheaper and faster than
mammography. Thus, ultrasound is especially suitable for the low-resource countries indifferent
continents. (2) Ultrasound techniques are more sensitive than mammography for detecting
abnormalities in dense breasts; hence, it is more valuable for women younger than 35 years of age
[11]. (3) There is a high rate of false positives in mammography which causes a lot of unnecessary
biopsies. In contrast, the accuracy rate of BUS imaging in the diagnosis of simple cysts is much
higher [10]. Thus, US imaging has become one of the most important diagnostic tools for breast

cancer detection.

1.3 Thesis Objectives

The context of this thesis work is a complete A Complete Semiautomated Breast Cancer

Detection Approach via Quantitative and Qualitative Analysis of Breast Ultrasound (BUS) Images

This includes qualitative analysis by strain estimation method, then accurate breast lesion
segmentation in US images and lastly quantitative analysis of those images. Therefore, the
objective of this thesis work was to develop more robust, accurate and automatic breast lesion

depiction, segmentation, quantitative analysis and then diagnosis method for ultrasound images.

The outcome of this thesis will facilitate the complete diagnosis of breast cancer.



1.4 Thesis Organization

The thesis is organized in the following way —

Chapter 2 (Background) presents the literature review and state-of-art situation of problem.

Chapter 3 Strain Estimation from Breast Ultrasound (BUS) data.

Chapter 4 Breast Lesion Segmentation

Chapter 5 Quantitative Ultrasound

Chapter 6 (Conclusion and Future Directions for Research) summarizes the whole thesis work

and presents the future scope of research in BUS image segmentation problem.



2.Literature Review

2.1 Related Work

Several articles are found to address the problem of strain estimation using Breast Ultrasound
(BUS) Images. Over the past several years, methods based on tissue elasticity have gained
significance for diagnosis of disease [12]-[18]. These methods fall into two main groups: methods
where a low frequency vibration is applied to the tissue and the resulting behavior is inspected
[18]-[21], [24], and methods where a compression is 10 applied to the tissue and the resulting
strain is estimated [22], [23]. Among the first group of techniques, in sonoelasticity imaging [19],
[20], the vibration amplitude pattern of the shear waves in the tissue under investigation is detected
and a corresponding color image (similar to color Doppler display) is superimposed on the
conventional grayscale image. A theory of sonoelasticity imaging was developed [25] and in vitro
results on excised human prostate were promising [26]. Among the techniques based on the
estimation of tissue strain, elastography [22] is based on estimating the tissue strain using a
correlation algorithm, whereas another elasticity imaging technique is based on estimating such
strain using the phase information [23]. In elastography, the local tissue displacements are
estimated from the time delays between gated pre- and post-compression echo signals, whose axial
gradient is then computed to estimate the local strain. For QAS many sources were used for
Classification of Ultrasonic B-Mode Images of Breast Masses|..]. Review of Envelope Statistics
Models for Quantitative Ultrasound Imaging and Tissue Characterization and review of
Quantitative Ultrasound: Envelope Statistics and Backscatter Coefficient Imaging and

Contributions to Diagnostic Ultrasound for mathematical model of the distributions|,][,,] .



2.2 Overview of the proposed method

Overview of the proposed method can be broken into three steps.

Firstly, strain estimation and finding out the lesion, then segmentation and lastly qualitative

analysis.

The flow chart of the proposed method is presented in Figure 2-1.

Figure 2-1 Overview of the proposed method



3. Strain Estimation
3.1 Definition

Elastography is a medical imaging modality that maps the elastic properties and stiffness of soft
tissue. [28]. The main idea is to examine the stiffness of tissue for obtaining diagnostic information.
Tumors, for example, scirrhous carcinoma of the breast are harder than the background tissue.

[28][29]

3.2 Earlier approaches and work

The quasi-static method [28] has been applied to a broad range of clinical problems like
detecting and characterizing atherosclerotic plaques, guiding minimally invasive therapeutic
techniques, differential diagnosis of breast and prostate cancer, etc. [31]-[39] In this method,
clinicians typically assume stress uniformity when they interpret strain elastograms as modulus
elastograms. However, this assumption may produce artifacts [29]. Regrettably, no method can
currently measure the internal stress distribution in vivo. Therefore, many of the 2D algorithms
developed for elasticity imaging assume continuity of the displacement field due to tissue
continuity [34] which may not be valid with the exception of few cases [36]. In this regard, for

motion estimation, multilevel approach had been adopted earlier [39].

3.3 Objective

In that approach, the coarse displacement estimates are obtained starting from down-sampled
B-mode pre and post-compression image pairs using a pyramidal processing, where in the initial
level the cross-correlation threshold is 0.3. This is poor guidance displacement estimates in the
succeeding levels. Although this may be claimed to be computationally efficient, this actually

worsens the final displacement in case of breast lesion studies. Errors in displacement estimates in



the initial stages propagate if they are large enough that the defined search regions do not enclose
the true displacements. When tissue is compressed, large and irregular local deformation can

occur, which may cause local decorrelation in the recorded RF (Radio Frequency) frame pair. [34]

Moreover, for the in vivo cases, the final image might have supremacy of noise outside the
lesion part which makes it harder for Clinicians to interpret and diagnose. To overcome the
drawbacks of human perception-based diagnosis, researchers have been working on developing
Computer-Aided Diagnosis (CAD) system. Getting rid of the complicated background not only

speeds up the process, but also makes segmentation results more accurate. [37] [39]

The utilization of preceding levels only as guide sacrifices the salient features of the
displacement estimates from the initial guiding levels. As the size of the kernels and search
windows are larger, the guiding levels generally have less noise outside the lesion part sacrificing
the clarity and sharpness of the boundary. So, the initial and final level images have contradictory

features. The optimization of these facets leads to a better final strain image.

In this paper we propose a revamped multistage algorithm that solves the above issue combining
images of different stages through unwarping and feature based image registration. This not only
improves the prominence of lesion in the strain image but also improves the resolution whilst
lowering background noises leading to quick detection of lesions, which is convenient for

Computer Aided segmentation procedures.

3.4 Methodology

The method is divided into the following steps: (1) Transformation to envelope form, (2)

Motion estimation using Normalized Cross Correlation NCC, (3) Displacement error correction,



(4) Repositioned fine tracking, (5) Median filtering and strain estimation in all stages, (6)
Unwarping Median filtering and strain estimation in all stages, (7) Feature based image registration

and final strain image
3.4.1 Transformation to envelope form

The initial step involves transforming the RF data form of the pre and post compression echo
signal to the envelope or B-mode data. The B mode image contains only the amplitude information
along the axial direction. Therefore, the algorithm is time optimized for computing initial stage

crude displacements using B-mode images.

3.4.2 Motion Estimation Using Normalized Cross Correlation (NCC)

A kernel (matching block) is selected to estimate the displacements due to the tissue
deformation independently. The kernel is then matched with the bigger search window to find the

maximum similarity using normalized cross correlation method.

The corresponding displacement to this maximum similarity gives the crude peak
displacements. Considering these crude displacements have a small random time shift due to
physical reasons or inaccuracies in the measurement equipment, we in-corporate subsampled
displacement estimation. This estimates the peak of the sampled crude displacements using 2-D
parabolic interpolation. Thus sliding the kernels and search widows at a certain degree of overlap
with pre-defined axial and lateral shifts, the initial displacement matrices are obtained. These
matrices account both the axial and lateral displacements of the initial stage obtained from the B-

mode image . This is depicted in figure number 1.



3.4.3 Displacement Error Correction:

After motion or displacement tracking at each stage, we utilize the normalized cross-correlation
coefficient as a confidence measure corresponding to the reliability of the displacement estimate.
Displacement estimates with a low normalized cross-correlation coefficient (less than 0.8) are
discarded and then interpolated from surrounding displacement estimates that possess a higher

normalized cross-correlation value.

3.4.4 Repositioned Fine Tracking:

Next the size of kernel and the search window is diminished to find out the finer displacements
using the earlier stated method. This reduces decorrelation noise. However, in this case the block
matching is initiated after the search window is repositioned utilizing the initial stage
displacements, to ensure the confinement of the tracked tissue within the search window with a
restricted range to minimize false peak error as far as possible. This procedure is implemented

according to the steps below:
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Figure 3-1 .Initial motion estimation: (a) Defining kernel, search window and shifts size (b)

Initial motion tracked using NCC (c) Initial stage displacements

a. Initial stage displacements are mapped into a grid that replicates the dimensions of the
next stage displacement matrices (larger) utilizing cubic-spline interpolation. which we
term as” reference displacements”.

b.  Search window is repositioned using the reference displacement matrices and then step B
is iterated again with smaller kernel, search window and smaller window shifts. This is

demonstrated using figure 2.
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Figure 3.2: Repositioned motion tracking. x1” and y1’ (in green) indicate reference
displacements X1 and Y1 indicates fine tracked displacements. Total displacement after this

stage is vector addition of these two 1.e. x1°+X1 and y1’+Y1

At the end of n stages, the motion vector is given as L=Li+Lo+Lz+Llat......

1)

where Ly,Lo,..Ln-1 are cumulatively mapped into stage n grid

For a 4 stage implementation, the final motion vector is the vector summation of the

displacments obtained at each stage depicted in figure 3.



Stage 1

Figure 3.3. Final motion vector at the end of 4stages

3.4.5Unwarping:

A method to compensate the deformation at pixel level through using the motion estimates
from the earlier levels is the main idea of unwarping. After obtaining the displacements from the
multistage algorithm, we use the displacements to unwarp the post compression RF signal at each
pixel through transforming multistage grid to the post data grid and interpolating the intermediate
values through spline interpolation to form lag compensated unwarped post (LCUP) data. Again,
block matching procedure of step B is incorporated to find out the displacements between pre

and lag compensated unwarped post (LCUP). The vector summation of the displacement matrix



of this unwarping procedure and the multistage procedure in a grid equivalent to dimensions of
the unwarping procedure give the true final stage displacements. Therefore, it accounts for the

residual motion that multistage algorithm does not take into account.

3.4.6 Median Filtering and Strain Estimation in All Stages:

Displacement matrix is median filtered to reduce the effect of the shot noise at the cost of some
spatial resolution. The median filtering parameter is applied according to the resolution of the
displacement estimates corresponding to the stages. 3X3, 5x5, 7x7 were used empirically in the
method. In the presence of large, irregular and non-axial tissue motions in case of patient data,
major echo-signal decorrelations occur and cause conventional gradient based strain estimators to
fail. To overcome this, we have used the least square estimation to compute the strain matrices

corresponding to the displacements at each stage
3.4.7 Feature Based Image Registration And Final Strain Image:

Feature-based image registration establishes a correspondence between a number of points in
images, a geometrical transformation is then determined to map the target image to the reference
images, thereby establishing point-by-point correspondence between the reference and target
images [39]. The strain images of all the stages are mapped in a pre-compression data equivalent
grid through the aforementioned feature-based image registration to take account of prominent
features of each corresponding stage. Then a suitable weighted average of the registered images

produces the final strain image.



3.5 Strain Estimation Results

We have incorporated our algorithm and proposed method on sets of patient data i.e. in
vivo breast data. The in vivo breast data for this paper are chosen from an existing dataset
of 33 cases of age 20 to 75 years. These data include both cancers and fibroadenomas and
were acquired with free hand compression. A sP500 (Ultrasonix Medical corporation,
Richmond, Bc, Canada) scanner with a 114-5/38 probe was used by Dr. Brian Garra at the
University of Vermont to acquire the data. The probe operated at 10 MHz (nominal). The
study was approved by institutional review board and consent was obtained from each of
the patient.

We implemented a 4-stage computation along with the unwarped stage on several data sets.
The processing parameters for the dataset of 2100*128 after the initial step A of the

algorithm are summarized in the table below:

1% stage 2nd stage 3rd stage 4th stage Unwarped
KERNEL 128 *12 64*8 32*6 32*%6 32*6
SEARCH 192 * 16 86*12 44*8 44*8 44*8
WINDOW
Shift 64*2 32%2 16*2 10*1 10*1

Here A*B refers to A being axial pixels utilized and B being lateral pixel utilized.
These parameters are independently set and after computation of axial strain images of
different stages, these are registered in a grid equivalent to the pre-compression data size

grid with a weightage of [0.1 0.1 0.1 0.1 0.2 0.5] to produce the final strain image.



From the SNR plot, it is evident that the proposed method has more SNR compared to the
other methods like 1D strain estimation and the unwarped stage. Thus, this not only
improves the resolution by a factor of 60 from typical block matching but also has a higher
SNR whilst preserving the clarity of boundaries. Thus, this not only improves the process
with respect to quantitative analysis it also helps immensely in quantitative analysis work
fields due to higher SNR and less complicated backgrounds. The clear depiction of the
boundaries of the tumor aids in calculating and analyzing the roughness factor for

quantitative analysis.
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4 Breast Lesion Segmentation

Segmentation of BUS images still remains challenging mainly due to the inherent artifacts of
ultrasound images such as speckle noise, low signal/noise ratio, blurry edges and poor quality [16].
The existing algorithms address the segmentation problem by processing the information available
from a single frame of image whereas the human observers have access to more information than
just one frame of image. They observe the same lesion from multiple views by sweeping through
number of planes which is not the case when we process one image to delineate boundary using
computer. Moreover, the quality of the acquired images are dependent on the skills of the operator
and parameter settings of the machine. These factors make lesion detection and delineation a very
difficult task for the computer. One of the main objectives of this thesis was to design an efficient

and automatic lesion segmentation algorithm for breast ultrasound images.

In this chapter, we describe the image map improvement techniques and final segmentation

framework proposed for segmentation of breast lesion.

4.1 Introduction

Acousto-elasticity in biological soft tissues has been adapted to relate the mechanical properties
of tissue and its loading to the load-dependant changes in acoustic behavior [1, 2, 3]. For example,
ultrasound images can be used to diagnose tendinopathy by segmenting the image into regions that
delineate the mechanical differences between intact and pathologic regions of tendons. Many
standard techniques require manual intervention in the analysis of the image, and it is desirable to
automate as much of the image processing as possible. This paper presents a new way of
segmenting multiple frames of ultrasound video based only on an initial indication of the region

of interest.



Most current image segmentation algorithms are designed for segmenting a certain Region of
Interest (ROI) from a single frame. For example, a texture discriminant is proposed for
characterizing B-scans of Achilles’ tendon in [4]. A filter algorithm is proposed for equine tendon
structure identification in [5]. A watershed segmentation algorithm was applied to breast tumor in
[6]. The active contour (snake) model in [7],[8] is an energy-minimizing spline guided by external
constraints and influenced by image that pull it toward features such as lines and edges. All of
these images segmentation algorithms derive the threshold value using only features of the ROI.
In contrast, the proposed Projected Empirical Segmentation (PES) algorithm locates the values by
comparing features from within the ROI with features from a region known to be outside the ROI.
This allows application of more advanced techniques from pattern recognition to give a more

accurate segmentation.

Different image frames from the video may carry different amounts of information. For
example, some frames may be blurrier than others and more difficult to segment. This paper
proposes PES as a way to segment the ROI that combines two special features: projected
segmentation and empirical segmentation. The algorithm divides the local region of the image into
three parts: the internal region, an intermediate region, and the external region. By comparing the
differences in the feature vectors between the internal region and the external region, the algorithm
acquires empirical values that allow separation of the intermediate region. Once the current frame
is segmented, the algorithm projects onto the next frame, including the initial ROl and the
empirical values to prevent the performance of the algorithm being compromised due to the

variation in the image quality.



4.2 Image Pre-processing for Segmentation

The main aim for image pre-processing is to increase homogeneity inside the tumor lesion and
enhance the tumor boundary by using standard image processing techniques. The proposed image
pre-processing scheme for our segmentation framework is illustrated in Figure and discussed in

details in next subsequent subsections.
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4.3 Speckle Reduction

Speckle is a particular kind of noise which affects ultrasound images, and can significantly
reduce their quality and diagnostic usefulness [17]. The main aim of ultrasound de-noising
methods is both to produce of image of standard appearance with reduced level of speckle for
improving the appearance of images but importantly for image analysis, both intensity
inhomogeneity and speckle can challenge intensity-based segmentation methods [18]. The speckle

reduction algorithm should focus reducing speckle while preserving anatomic information is



necessary to delineate reliably and accurately the regions of interest and to carry on important
diagnostic image analysis [19]. In our framework, we have used a recent approach for speckle
reduction proposed in [19]. In [19], authors proposed an adaptation of the Non Local means (NL-
means) method to a dedicated US noise model [20] using a Bayesian motivation for the NL-means
filter [21]. Figure presents the result of speckle reduction step. It is to be noted that the major
anatomical details are preserved in the filtered image with a reduced level of speckle noise. The
output image of the filter has less granular appearance than the original image but structure of

lesion of the lesion is well preserved with increased homogeneity inside the lesion



4.4 METHOD

4.4.1 PES (Projected Empirical Segmentation)

Projected Empirical Segmentation

[ Empirical

In the first frame, the user selects seeds. Projected

.

'

Generate polygon with selected
seeds as internal region.

Use Digital Image Correlation to
track the averaged motion
estimation of pixels for further use.

Expand initial ROl with two
expansion ratio to generate
intermediate region and
external region.

!

Figure 1: Flow chart of procedures of Projected Empirical Segmentation.




The empirical segmentation generates three regions: the internal region, the intermediate
region, and the external region. The internal region is assumed to be inside the final ROI, the
external region is assumed to be outside the final ROI, and the intermediate region is a region
whose pixels need to be categorized. The statistics of the features of the two known regions are
calculated. The statistics of the features of each point in the intermediate region are then compared
to the statistics of the two known regions using a separating hyperplane determined from a Least
Squares fit. Once the intermediate region is segmented, the final ROI for this frame can be drawn.

The empirical values are the boundaries of this final ROI in the intermediate region.

Projected segmentation enables the algorithm to project information from the current frame into
succeeding frames. The projected information includes the boundaries of the final ROI of the
current frame, where the empirical value is used as an initial estimate of the regions in the next
frame. Projected segmentation helps insure that the algorithm performs well even when the image
quality degrades. The projection also creates the initial region in the succeeding frame by
combining the final ROI and the motion estimation. It decreases the time needed to estimate the

internal region and removes the need for the user to manually intervene in succeeding frames.

The algorithm begins by requiring the user to specify a seed region in the first frame, whose
polygonal convex hull is assumed to lie within the ROI. Two expansion ratios are applied to create
two new regions: the external and the intermediate. The external region is assumed to lie outside
the final ROI, and the intermediate region is a region whose pixel needs to be examined. Once the
three regions are generated, the algorithm calculates the statistics of features of points in both the
internal and external regions. By comparing the differences in the statistical features of the two
regions, an empirical value is calculated through minimum squared-error and pseudo inverse

equation, as used for pattern classification in Duda, Hart, and Stork [12]. The algorithm then



calculates the statistical features of points in intermediate region and compares with the empirical
value, so the decision can be made and the final ROl determined. The algorithm then retrieves the

boundaries of the final ROI and saves the information for projection into the next frame.

Starting with the second frame, the algorithm requires no manual intervention from the user. In
all succeeding frames, the initial region is created by combining motion estimation and final ROI
from the previous frame. The motion estimation evaluates the shift of points along frames, and the
final ROI from previous frame defines the shape of the ROI. Together, these determine the shape
and the location of the initial region in the next frame. The internal region is created by contracting
the initial region by 0.8. Again, two expansion ratios are applied to create the intermediate and
external regions. By comparing the statistical features of the two regions, the empirical value is
retrieved and used to examine the statistical features of every point in the intermediate region to
determine the final ROI of current frame. Once the final ROI is determined, the algorithm
recalculates the boundaries of the final ROI and saves them as information to project to the

succeeding frame. The algorithm repeats through all the remaining frames.

4.4.2 Expansion Ratio
The expansion ratio creates a new region by enlarging the internal region. Suppose (X, y) is a
boundary pixel of internal region, (X, 9 ) is the center of interior region, and (x’, y’) is the boundary

pixel of the enlarged region with the same normalized vector to (X ,9) as point (X, y). The location

of (x’, y’) and the expansion ratio can be determined by the following equations:
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Let P, be the data set of the location of points in the internal region. Applying an expansion

(1)

Expansion Ratio=

ratio IR creates a larger region P, that encloses the internal region ( P, ). The intermediate region

Pup 1S given by:

P, = IRx Py
(3)

Pup = [(X' y) e P, ]ﬂ [(X' y) & PINT]
(4)

The second expansion ratio ER is applied to create another region P, that encloses both the

internal region and the intermediate region. The external region P, is given by:

P, = ERx Py
(5)

Pexr = [(X7 y) e Py ]ﬂ [(X! y) PA]
(6)
The expansion ratio IR is initialized to 1.3 while the expansion ratio ER of biomedical tissue is

usually between 2.5 and 3 (though it may vary with different tissue characteristics). The expansion

ratio may be adjusted automatically in order to ultimately fit the data.



4.4.3 Motion Estimation

Digital image correlation is an optical registration algorithm used to isolate, track and compute
features of a region of interest through frames which are slice from a time series by a digital
sonograph video. It is capable of calculating the accurate measures of mechanical deformations,
displacement and strain in both two and three dimensions [9] [10] [11]. The basic concept of digital
image correlation is to track the location of data set in different frames by minimizing the feature

difference of selected data sets in different frames.

Correlation = \/zizj EA\(Xi Y- B(Xi*,Yj*)}
(7)
Suppose array A, B are corresponding subsets in two digital images, and coordinates (X;,Y;)

and (Xi*,Yj*) are related by the deformation which occurs between two images. A(X;,Y;),
B(X[,Y;) are the individual intensity of point (X;,Y;) and (X;,Y,) in each subset. Assuming
small subsets from the intensity pattern stored in array B are related to small subsets of the same
size in array A by a homogeneous linear mapping, the correlation is the square root of the sum of
the squared intensity difference between corresponding pixels. Digital image correlation relates

the corresponding pixels (X;,Y;) and (Xi*,YJ.*) by optimizing (minimizing) the correlation value.

4.5 Statistical Features

Statistical features are keys for the successful application of empirical segmentation since they
are used to distinguish the final ROI from the external region. In the PES algorithm, the statistical
features are a collection of moments, which are the combinations of the pixel intensity and different

orders of distance. These are adapted from [13].
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(8)

Suppose X and 9 is the location of the pixel, x and y is the location of its surrounding pixel,

and f(x, y) is the intensity of point (X, y). P and Q are the number of order of the distance factor,

which usually varies from 0 to 3.

y:§+2 X=X+2

(9)

(10)

Y=Y+2 X=x+2

o = D 2 (X=X (y=y) f(xy)
(11) U

With these moments, the normalized central moments, denoted as 7, , can be defined as

Hpq
Meq =%
Hoo
(12)
where
r= P+Q +1
2
A set of invariant moments can be derived from the second and third moments:
B =Ny + 1,
(13)
¢, = (7720 Nz )2 + 477121
(14)
¢y = (7730 — 317, )2 + (37721 —Tos )2 (15)

¢, = (7730 + 1 )2 + (7721 + 703 )2 (16)



The algorithm uses a five by five matrix centering at each pixel and calculates the seven
moments ( Loy, Moo, Hozs @15 &, P53, ¢,). This helps prevent the influence of inconsistent speckles

and other irregularities, which are often noise.

4.6 Results

Acoustoelastic Strain Gauge method [3] can successfully distinguish healthy tendon from the
damaged ones. However, it is limited to analysis of a spatially fixed region of interest. In other
words, it is in need of a certain region of interest as input for further mechanical analysis.
Therefore, the PES algorithm combines digital image correlation and moment-based region
growing to accomplish the segmentation. The algorithm has been tested on tendon ultrasound
images to separate the region of tendinopathy from the rest of the tendon for mechanical analysis

through Acoustoelastic Strain Gauge.

Tendinopathies can include regions of inflamed regions (tendinitis) and pathological region
without inflammation (tendinosis). In both cases, the region is mechanically altered and
compromised. It usually requires an experienced radiologist to diagnose the tendonitis from
ultrasound images. The PES algorithm may help to segment the region of tendonitis from the

remainder of the tendon in ultrasound image to enhance further quantitative or qualitative analysis.

Figure 2 is a result of segmenting tendinopathy from the rest of the tendon image. In Figure
2(a), the bright curve on the right is the surface of calcaneus. The relatively dark elliptical region
on top of calcaneus (in this image) has been diagnosed as tendinopathy. Our algorithm is applied
to segment the tendon from the rest of the image with expansion ratio (ER) 2.65, and the result is
as Figure 2(b). PES segments the regions of tendinopathy and tracks in throughout the subsequent

video images.



(

Figure 2: An ultrasound image of a human Achilles tendon (a) and the result of our segmentation to late the tendinopathy (b)



(

Figure 3: An ultrasound image of a human Achilles tendon (a) and the result of our segmentation to late the tendinopathy (b)

Other than tendon ultrasound images, our algorithm has also been applied to blood vessel
images, and it has also shown promising results. Figure 4 shows how the algorithm can segment
an abdominal aorta from the rest of the ultrasound image taken from a rat. In Figure 4(a), the dark
region on upper left is caudal vena cava. The dark region at the right of caudal vena cava is superior
mesenteric artery, and the dark region under superior mesenteric artery is abdominal aorta. Our

algorithm is applied to segment abdominal aorta from the rest of the image with expansion ratio



(ER) 2.8, and the result is as Figure 4(b). Post hoc analysis of the images tracks the rapid changes

in cross-sectional area with the beating of the rat heart (~400 BPM).
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Figure 4: An ultrasound image of an abdominal rat aorta (a) and the result of our segmentation (b)



4.7 Simulation

One of the difficulties in assessing the performance of the PES method is that the true answer
to a given problem is unknown. This can be addressed by creating a synthetic target where the
correct answer is known a priori, and then comparing the performance of PES with another
standard method (such as region growing [14][15]) and then comparing the two estimations to the
correct answer. Since the ultrasound images consist of a large number of scattered points, an
appropriate target may be synthesized by choosing two (independent) distributions of points, one
within a target area (chosen to be an ellipse) and the other outside the target area. For these
simulations, the in-area distribution is "salt-and-pepper" noise with 10% in-area and with 28% out-
of area. The density of the distribution is determined by using the averaged intensity of biomedical
ultrasound image, such as Figure 2, as reference. The total number of points enclosed in the

ellipsoidal targets it 5641.

Figure 5(a) is a designated image for simulation. The ROI of the image locates on the upper left
part of the image marked by the white ellipse boundary. Figure 5(b) is the result of ROl segmented
by PES whose boundary is marked in yellow line, whereas Figure 5(c) is the result of ROI
segmented by Region Growing whose boundary is marked in blue line. The simulation shows PES
has better performance with higher accuracy and efficiency than region growing segmentation

does.
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(c)Figure 5: A designated simulation image (a), the result of PES segmentation (b), and the result of Region Growing segmentation

The simulation repeats for 1000 times. The total number of pixels in the designated ROI is
5641. After the algorithm classifies the pixels in the ROI, it compares the result with the designated
image to calculate the accuracy of the algorithm. Within the 1000 times simulation, PES classifies
5819 pixels as elements of ROI with standard deviation of 198 pixels, while region growing
classifies 6407 as elements of ROI with standard deviation of 313 pixels. Out of all pixels classified
as part of ROI, the mean accuracy of PES is 91.28% with the standard deviation of 1.97% while
the mean accuracy of region growing is 83.59% with the standard deviation of 3.45%. In addition,
PES spends 2077 seconds to finish 1000 times simulation while region growing spends 4259
seconds to complete the same task. Therefore, PES has not only better accuracy than region

growing, but also higher efficiency.



4.8 Conclusion

PES shows promising performance through the above evaluation. The multiple statistical
features of the algorithm improve the robustness of the performance of the algorithm and reduce
the influence of inconsistent speckles and noise commonly associated with ultrasound images.
There are many possibilities for enhancement of the basic algorithm, since it is easy to build a test
to see if a given feature is redundant or if a candidate new feature is promising. The projection step
of PES which combines motion estimation of the biomedical ultrasound video and the ROl in each
frame efficiently estimates the approximate location of internal region in the succeeding frame and
removes any requirement for manual intervention in succeeding frames. Unlike most segmentation
algorithms, PES approaches the image from a global perspective by comparing the statistical
feature differences between the internal region and the external region to retrieve empirical ROI.
Furthermore, the algorithm preserves the empirical value of the current frame and projects them
onto the succeeding frame which helps prevent degradation due to poor image quality. The PES
approach was developed and demonstrated herein. Its performance in the above applications
suggests that the PES method could be a useful tool to aid in clinical and scientific evaluation of

B-mode, cine ultrasound images.



5 Quantitative Ultrasound

5.1 Introduction

Biomedical ultrasound is a prominent imaging modality for diagnostics.

Conventional ultrasonic imaging is qualitative in nature with spatial resolution up to
hundreds of micrometers. Quantitative ultrasound techniques based on ultrasonic
backscatter can provide estimates describing tissue microstructure. Improving

quantitative ultrasound techniques will result in improved diagnostic capabilities of
ultrasound.

Quantitative techniques were developed and assessed based on the envelope of
backscattered ultrasound. The envelope of backscattered ultrasound can be modeled as

the superposition of the scattered signals from individual scatterers in the medium being
interrogated. As such, the envelope signal is statistical in nature. By applying a model to
the amplitude distribution of the envelope, information about the sub-resolution material
properties such as the scatterer number density and organizational structure can be
obtained.

The Homodyned K distribution and the Nakagami distribution was used to model the
envelope of backscattered ultrasound. An efficient parameter estimation algorithm was
developed and tested through simulations and experiments. Techniques to reduce estimate
bias and variance were assessed. The diagnostic potential of tissue characterization based on

envelope statistics was evaluated.



5.2 Basic Functionalities

Both the method uses different approach to characterize the propagation media, in this case the
propagation media is live tissue. The characterization of the propagation media is done with
parametric values from this two distribution. Homodyne k provides us with information about
scattered density per resolution cell and energy ratio. Nakagami distribution gives us information
about effective number of scatterer and effective cross section area of scatterer. Computing these
parameters for inside and outside of the region of interest (ROI) provides us with different

numerical values. These values might help to distinguish between types of tissues.

5.3 Background and Motivation

Breast ultrasound is being proposed as an adjunct to x-ray mammography to aid in the reduction

of unnecessary biopsies associated with mammography ([61], [62], [63], [64]).

Ultrasound (US) also has been recommended to detect and diagnose masses in patients with
radiologically dense breast tissue. Thus, there is an increased interest in the use of US in breast
cancer diagnosis. The interpretation of US images is undertaken by trained radiologists who use a
number of visual features such as texture, shape of the mass, boundary characteristics, posterior
shadow, echo structure, etc, to diagnose the mass. Thus, these diagnostic decisions are strongly
influenced by the training and experience of the radiologist. They are also influenced by the
manner in which the images were collected, i.e., they may be operator and machine dependent
([65]). It is therefore potentially useful to have an automated classification scheme requiring

minimal clinical intervention that relies heavily on machine computed parameters ([66]).



These automated techniques have to rely on features that are characteristic of the backscattered
echo from the breast tissue. Efforts have been made to undertake the classification of breast masses
using the spectral characteristics of the backscattered echo([67]). Some success has also been
achieved by decomposing the echo into diffuse and coherent components and constructing
parameters that reflect these components ([68]). Parameters of the density functions of the
envelope of the backscattered echo have also been used in the breast mass classification ([69],
[70]). The efforts by our group involved the use of the K distribution and later the use of the
Nakagami distribution for the classification ([69], [70]). Parameters of these density functions
were used to discriminate between benign and malignant masses. Additional efforts were made
by combining a few features of the mass ([71]) leading to enhancement in the performance in terms
of a higher area (Az) under the receiver operating characteristic curve (ROC). While the K and
Nakagami distributions are reasonable ways of modelling the echo of the backscattered envelope,

their parameters have somewhat different relationships to the scattering conditions in the tissue.

This diversity existing within the models (K and Nakagami distributions) can be utilized to
enhance the breast mass classification taking the performance levels to match or exceed those of
conventional x-ray mammography. Such an effort is undertaken in this work. In the present work,
parameters of the Nakagami and K distributions were extracted and fused to form a new
discriminant. In addition, a few other parameters of the image derived from the boundary of the
mass, posterior shadow and texture were added to this new discriminant ([72], [62]). These
parameters, extracted with minimal clinical intervention, were studied for their performance to

enhance the area under the ROC curve.



5.4 Overview

We propose on using three parameters for mass classification, (i) The “k” parameter for
Homodyned K distribution (ii) The “m” parameter of Nakagami distribution (iii) The Roughness

parameter

5.5 Homodyned K distribution

5.5.1 Envelop Statistics Model

A number of models for the statistics of the envelope of acoustic and optical signals have been
proposed over the past few decades with applications to sea echo [73], medical ultrasound [74],
and laser [75]. Some of these distributions include the Rayleigh distribution, the K distribution,
and the homodyned K distribution. Because the derivations of these distributions have been

covered extensively in the literature (e.g., [76], [77]), only a brief review is given.

5.5.2 Rayleigh distribution

The Rayleigh distribution arises when a large number of nearly identical and randomly located

scatterers contribute to the echo signal . The probability density function (pdf) is given by
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where A (which is assumed to be positive) represents the envelope amplitude and 2sigma
squared is the variance of the Gaussian distributed in-phase and quadrature components of the

complex echo envelope.

5.5.3 K distribution

Jakeman and Pusey [73] introduced the use of the K distribution, a generalization
of the Rayleigh distribution, in the context of microwave sea echo to model situations

where the number of scatterers is not assumed to be large. The pdf is given by

2b (b4
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where T'(e) is the Gamma function, () »K e is the modified Bessel function of the second

kind, n-th order, and p is a measure of the effective number of scatterers per resolution
cell. In ultrasound, the resolution cell volume can be defined as the volume of the point
spread function of the imaging system [15], i.e., the volume of the insonifed medium that
contributes to any given point in the echo signal. In Equation above, the b parameter can

be expressed as

where E[o] is the expectation operator. The K distribution is a more general model that

approaches the Rayleigh distribution in the limit p —oo [14].



5.5.4 Homodyned K distribution

The homodyned K distribution was first introduced by Jakeman [78]. Besides incorporating the
capability of the K distribution to model situations with low effective scatterer number densities,
the homodyned K distribution can also model situations where a coherent signal component exists
due to periodically located scatterers [77]. This makes the homodyned K distribution the most
versatile of the three models discussed, but also the most complicated. The pdf of the homodyned
K distribution does not have a closed form expression; however, it can be expressed in terms of an

improper integral as

2 2 H
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where () oJ e is the zeroth order Bessel function of the first kind, sz is the coherent signal

energy, o 2is the diffuse signal energy, and p is the same as in the K distribution. The derived

parameter k = s /o is the ratio of the coherent to diffuse signal and can be used to describe the level

of structure or periodicity in scatterer locations. The pdf can also be expressed in terms of the Rice

and Gamma distributions [76]
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Here (| ) rp A z is the Rice distribution with scale parameter ¢ z /u and non centrality

parameter s whose pdf given by
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where (1) ol o is the zeroth order modified Bessel function of the first kind and p (z ) +is the

Gamma distribution with shape parameter pn and scale parameter unity. The pdf of the Gamma

distribution with these parameters is given by [10]

The pdf of the homodyned K distribution can further be expressed as an infinite summation
(using the form given by [17], expressing the pdf in terms of the parameters used in Equation (1.4),

and simplifying),
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The series is convergent except for the case when both p <1/ 2 and A =s. The form given by

Equation (1.8) is especially useful for numerically computing values of the pdf as it is usually
possible to quickly obtain a good approximation of the pdf by considering only a small, finite
number of terms in the infinite summation. The accuracy of the approximation depends on the

particular parameter values for which the series is evaluated. In general, the rate of convergence is



slower when the parameters are closer to the case where the series does not converge at all (i.e.,
p <1/ 2 and A =s). Figure 1.1 shows four examples of the relative truncation error (the truncation

error divided by

actual pdf value) versus the number of terms considered in the truncated series. To validate the
approximation for a particular set of parameter values, the pdf can be sampled for values of A on
the interval [0, a] where a is chosen to be sufficiently large such that p(A) is negligible on the tail
of the distribution (a, «]. Then, numerical integration can be performed on the sampled pdf. As
the pdf should integrate to unity, if the result of numerical integration differs substantially from
unity, the accuracy of the approximation is questionable, suggesting that more terms are needed to

obtain a good approximation.
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Figure: Relative truncation error versus the number of terms used in the truncated series



The homodyned K distribution model has been criticized (e.g., [69], [79], [80]) because of its
analytical complexity. Hence, its use has been somewhat limited and other, more analytically
tractable models such as the Nakagami distribution, Weibull distribution, Rician inverse Gaussian
distribution, and generalized gamma distribution have been used instead. Because the homodyned
K distribution is both versatile and analytically complex, a goal of this work is to develop and
apply methods to reduce the impact of this complexity while retaining the benefits of the
versatility. By improving existing parameter estimation techniques, accurate parameter estimates
can be obtained quickly. An improved parameter estimation algorithm will also provide more

accurate information to better elucidate the relationships between the envelope statistics

and the underlying structures responsible for the signals. Furthermore, as a by-product of the
estimation algorithm, a geometrical interpretation into modeling of the envelope of backscattered

ultrasound using the homodyned K distribution can be obtained.

5.5.5 Nakagami Distribution

When an acoustic pulse travels through tissue, the backscattered echo may be modeled as the
algebraic sum of the contributions from the individual scatterers [74], [77]. If there are N scatterers
in the range cell, and an and _n represent the amplitude and the phase of the nth scatterer,

respectively, the backscattered echo may be written as:

N
S[I‘-} = Z (n CDH(-‘.:J(}f - 9?1}

n=1



where 10 = 2_f0, fO is the center frequency of insonation. The backscattered echo s(t) also can

be written in terms of the inphase and quadrature components, X and Y, respectively, as:

s(t) = X cos(wot) + Y sin(wot)

Where

N N
X = Z a, cos(f,) and Y = Z ay, sin(f,).
=1 =1
The envelope of the backscattered echo, R, is given by:

R=VX2+Y2.

The number density of scatterers N and the location of the scatterers play an important role in
describing the statistics of the envelope of the backscattered echo. If the range cell contains a large
number of randomly located scatterers, the central limit theorem can be invoked, due to which X
and Y would be Gaussian distributed with zero mean and equal variance. The envelope R under
this condition

will obey Rayleigh statistics. The phase arctan(Y/X) will be uniform in the range 0 to 2_. If the
range cell

contains scatterers that have randomly varying scattering cross sections with a comparatively
high degree of variance, it was shown [77] that the Rayleigh statistics might not hold. In such
cases, the inphase and quadrature components of the backscattered echo from tissue do not follow
Gaussian statistics. The envelope statistics are pre-Rayleigh [76], [77]. However, if the range cell

contains periodically located scatterers at spacings corresponding to integral multiples of the
wavelength at the frequency of demodulation or integral multiples of half the wavelength

corresponding to the demodulation frequency in addition to randomly located scatterers, the



inphase and quadrature components of the backscattered echo are Gaussian with equal variance

but unequal mean. The envelope statistics under these conditions are Rician or post-Rayleigh [78].

All these scattering conditions exist in radar and the Nakagami distribution can encompass all

these scattering conditions. The Nakagami probability density function f(r), is given as:

QM .T,'Em —1

flr) = [(m)Qm

m

exp(— 3 r3\U(r).

In (4) () is the Gamma function and U() is the unit step function. The cumulative distribution

of the Nakagami distributed envelope F(r) is given by:

r

F0)= [ T o (-5) ar=r (G rtm)

] [

where P(: ; 1) is the incomplete Gamma function.This distribution has two paramaters, namely,

m and omega. They are estimated as:

Q= E(R?)

where E( ) stand for statistical average. The parameter m is referred to as the Nakagami

parameter and is constrained such that m is greater than or equal to 0.5. The quantity m is a shape



parameter and conveys information about the envelope statistics. The parameter omega is a scaling

parameter. The parameter that we will be using for classification is the m parameter.
5.5.6 Roughness

The boundary coordinates of the lesion is obtained from the image segmentation. The roughness

parameter is basically a measure of the variance of the distance of the boundary coordinates from
the centroid.

The malignant masses is known to have a rough zigzag boundary and hence the variance in the

130

distance of the boundary coordinates is expected to be greater for malignant tumors.
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Figure: The boundary of a malignant tumor

Benign tumors on the other hand is known have much smoother boundary condition compared

to malignant tumors. Hence the variance in the distance of boundary coordinates from the centroid
is likely to be lower.
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Figure: The boundary of a benign tumor

5.6 Process and Results
From the image segmentation we will be getting the boundary coordinates of the lesion. Using
the boundary coordinates we will be isolating our Region of Interest(ROI) and perform the

parameter calculations.
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Figure: (a) The B-mode image of a patient (b) The right lateral region of the tumor (c) The tumor (d) The left
lateral region

For our parameter calculation we have taken three regions of interest, the tumor, the left lateral
and the right lateral region. The three ROIs are at the same depth so that the results are free from

any depth dependent effects.

5.7 K parameter calculation of Homodyned k distribution

In this method we try to find the correlation between RSK values. From our back scatter Signal
we will calculate the RSK values (slew rate, kurtosis, signal to noise ratio),finding the correlation
from the precompiled values of RSK , homodyne k values are found. Martin-Fernandez et al. [81]
first introduced an estimation methodology for the homodyned K distribution using level sets;
however, the algorithm was based on only the SNR. The present estimation algorithm contains
several incremental improvements over this initial idea, most notably the extension to include

skewness and kurtosis.

Fundamentally, parameter estimates are obtained by following the procedure outlined in Figure

2.1 and equating theoretical values for the nonparametric classifiers.



For a fixed moment order, n , the nonparametric classifiers are functions of two variables.
Therefore, given an estimate of a nonparametric classifier, it is possible to map out a curve of
possible parameter values (a level curve) in two dimensions. Such an example is shown in subplot
(a) in Figure below. By considering a second classifier function, a second level curve can be drawn
(subplot (b) in Figure below). Because there are two unknown model parameters, two classifier
functions should uniquely identify a parameter estimate because their level curves should intersect
at one point. However, for improved robustness, three classifier functions are used (subplot (c) in
Figure below) resulting in an overdetermined system. Furthermore, level curves using a number

of different moment orders can be used, resulting in a further overdetermined system.
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Figure: Examples of level curves using moment order v=1 for (a) SNR, (b) SNR and skewness, and (¢) SNR,

skewness, and kurtosis. Intended parameter values: k=2 and log1o(mu) = 0.7

5.8 m parameter calculation of Nakagami distribution



The m parameter was calculated both inside and outside the lesion. For calculation outside the
lesion we calculate the parameters for both the left and right lateral regions and take the average

to get one single value of m outside the lesion.

5.9 Roughness parameter

From the boundary coordinates we calculate the centroid of the lesion. Then we calculate the
distance of each of the boundary coordinates from the centroid and store this value in a single

vector. Variance of this vector will give a measure of boundary roughness.
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For our classification we have used the linear discriminant analysis(LDA) in Matlab. This
classification tool helps in classification between two or more classes. The classes in our case was
benign or malignant. We ran our code on 130 patient data sets out of which 100 patients were
benign and 30 were malignant. From the results obtained we performed the LDA and saw the a

clear distinction in the results. There was clear division between benign(B) and malignant(M)

regions with little bit of overlapping.
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Figure: LDA of Roughness against “m” parameter in tumor
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Figure: LDA of Roughness against “K” parameter in tumor

6.Future scope

Integration of these three approaches on GPU based machines for faster computation.
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7. Conclusion

This classification tool helps in classification between two or more classes. The classes in our
case was benign or malignant. We ran our code on 130 patient data sets out of which 100 patients
were benign and 30 were malignant. From the results obtained we performed the LDA and saw a
clear distinction in the results. There was clear division between benign(B) and malignant(M)
regions with little bit of overlapping. The LDA showed an 81.3% accuracy in distinguishing

benign from malignant tumors in our data set.
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